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Pattern Recognition 



Vy The present invention relates to pattern recognition. 



One of the classic pattern recognition problems is that of speech recognition. Speech 
recognition is complicated by the fact that no two people say a word in the same way 
and indeed the same person may vary the way in which they pronounce the same 
word. To overcome this problem, models have been developed which allow for this 
10 variability. 



One form of model represents a word, phoneme or some other element of speech as a 
finite state network. For the purpose of recognition, speech is represented by 
sequences of vectors. Each vector comprises a plurality of parameters of the acoustic 
15 signal during a particular period. These parameters typically include energy levels in 
different frequency bands and time differential energy levels in the frequency bands. 

To form the model, vector sequences representing many people saying the same 
word, phoneme etc. are analysed and, in the case of Hidden Markov Models, a set of 

20 probability density functions is generated. The probability density functions indicate 
the likelihood of an input vector corresponding to a given state. Each state is linked 
to the following state if any and recursively to itself. These links have associated with 
them costs or probabilities representing the likelihood of a particular transition 
between states or a particular non-transition occurring in a vector sequence for the 

25 speech of a person saying the word modelled. 

The finite state network can be represented as a grid, each node of which represents a 
unique combination of state and time. During recognition, the similarity between an 
input vector and nodes of the grid are allotted costs or probabilities depending on the 
30 method used. The transitions between nodes are allotted costs or probabilities during 
creation of the model. The application of an input vector sequence to a model can be 
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viewed as creating a set of tokens that move through the grid, with the best token 
arriving at each node surviving. Eventually, tokens will emerge from the grid and 
their values can be compared with others emerging from the same grid and those 
emerging from the grids of other models to identify the input spoken word. 

3 

A more detailed description of token passing can be found in Young, S.J. et ah, 
"Token Passing: a Simple Conceptual Model for Connected Speech Recognition 
Systems", Cambridge University Engineering Department, Technical Report 
CUED/F-INFENG/TR38, 31 July 1989. 

10 

It will be appreciated that continuous speech may be recognised by applying the 
tokens output from a first set of models and input speech vectors to a second set of 
models. However, a problem arises in that the second set of models must be 
instantiated for each token emerging from the first set of models. 

2$ 

Considering for example a system for recognising a seven-digit telephone number, the 
set of models must contain models for "one", "two", "three" etc. and three variants of 
0, i.e. "zero", "nought" and "oh". Thus, each set contains twelve models and 
therefore the number of models instantiated would total 39,071,244. Working with 
20 this many model instances is clearly an enormous task. 

The models need not represent whole words and may represent phonemes or some 
other subword unit. In this case, differentiating between words beginning with the 
same sounds is analogous to differentiating between different sequences of words all 
23 beginning with the same word. 

It is an aim of the present invention to ameliorate the aforementioned problem both 
where a token passing approach is taken and more generally. 



30 



According to the present invention, there is provided a method of recognising a 
pattern comprising a sequence of sub-pattems, the method comprising: generating a 
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data sequence representative of a physical entity; applying the data sequence to a set 
comprising active models in a network of models including at least one model; 
selecting a subset of the outputs of the members of said set according to a 
predetermined criterion; and adding further models to said set in dependence on the 
5 members of said subset, wherein each model represents a sub-pattern and in use 

outputs an indication of the degree of matching between an input data sub-sequence 
and the represented sub-pattern, and the further models take the associated subset 
members as inputs. 

10 According to the present invention, there is also provided a pattern recognition 
apparatus for recognising a pattern comprising a sequence of sub-patterns, the 
apparatus comprising: means for generating a data sequence representative of a 
physical entity; means for applying the data sequence to a set comprising active 
models in a network of models including at least one model; means for selecting a 

15 subset of the outputs of the members of said set according to a predetermined 
criterion; and means for adding further models to said set in dependence on the 
members of said subset, wherein each model represents a sub-pattern and in use 
outputs an indication of the degree of matching between an input data sub-sequence 
and the represented sub-pattern, and the further models take the associated subset 

20 members as inputs. 

Consequently, the present invention makes practical automated pattern recognition 
using hardware less sophisticated than that demanded by the prior art and increases 
the capabilities of prior art hardware. 

25 

Preferably, new models are only instantiated if the set does not already include the 
necessary model. 

Preferably, in the case of a token passing embodiment, the pruning of the outputs of 
30 the models is in addition to the competition between tokens at exit states described in 



ART34AMDT 

-4- 

Young, S J. et al., Token Passing: a Simple Conceptual Model for Connected Speech 
Recognition Systems". 

The nature of the models themselves is not of critical importance. They may be, for 
3 instance, neural networks. However, if finite state models are used, it is preferable 
that pruning be carried out between the appUcation of successive data elements of said 
sequence to the network. This pruning preferably comprises assessing values at each 
state of the models of the network and deactivating those states that do not meet a 
predetermined criterion. In this case, the set of models is advant^eously dynamic 
10 and pruning removes models when all of their states have been deactivated. 

Preferably, the criterion applied to the model outputs is harsher than the criterion 
appUed to states within a model. 

Preferably, the appUcation of the criterion applied to model outputs comprises 
creating a histogram of output states on the basis of their values and selecting those 
states in the bins of the histogram which contain the states having the best m values, 
where m is an integer. Preferably also, the apphcation of the criterion applied to all 
model states comprises creating a histogram of states on the basis of their values and 
selecting those states in the bins of the histogram which contain the states having the 
best n values, where n is an integer, for deactivation. In this way the growth of the 
number of instantiated models can be predicted and the time taken for the processing 
is prevented from becoming excessive. 

25 The present invention is particularly applicable to speech recognition. In a speech 
recognition apparatus according to the present invention, the data generation means 
preferably comprises feature extraction means for extracting characterising features 
from an audio signal. 
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Advantageously, the models are of vocalisations generally less than complete words. 
In this way, the number of different models required can be reduced where a large 
vocabulary is to be recognised, 

5 A speech recognition apparatus according to the present invention may be used to 

provide speech responsiveness to an apparatus. Preferably, such an apparatus includes 
a speech synthesizer and processing means, wherein the processing means is 
responsive to the output of the speech recognition apparatus to select message data 
and drive the speech synthesizer according to the selected message data to generate an 

10 audio message. With apparatus of this kind, the apparatus may enter into a dialogue 
with a user. An example of such an application would be the control of a telephone 
switching centre. By this means, a user could dial a telephone number verbally. 

According to the present invention, there is further provided a method of operating a 

15 computer so as to recognise a pattern comprising a sequence of sub-patterns, the 
method comprising: generating a data sequence representative of a physical entity; 
applying the data sequence to a set comprising active models in a network of models 
including at least one model; selecting a subset of the outputs of the members of said 
set according to a predetermined criterion; and adding further models to said set in 

20 dependence on the members of said subset to thereby reduce the time required to 

recognise said pattern, wherein each model represents a sub-pattern and in use outputs 
an indication of the degree of matching between an input data sub-sequence and the 
represented sub-pattern, and the further models take the associated subset members as 
inputs. Clearly, such a method provides a technical effea in that the recognition is 

25 performed more quickly than would otherwise be the case. The alternative would be 
to increase the clock speed of the computer. However, this would provide only a 
limited reduction in the recognition processing time and the degree by which the 
clock speed can be increased varies from computer to computer. Increasing the clock 
speed also has the disadvantage of potentially reducing the useful life of the computer 

30 because the computer will tend to run hot. 
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Embodiments of the present invention will now be described, by way of example, 
with reference to the accompanying drawings, in which:- 

Figure 1 shows a network for discriminating between the English words "cat", "card" 
and "can't"; 

Figure 2 illustrates a three-state Hidden Markov Model; 

Figure 3 shows the model of Figure 2 in state/time space; 

Figure 4 shows the relationship between a first model instance and the model 

instances dependent thereon; 

Figure 5 to 8 are a flow diagrams illustrating a method according to the present 
invention; 

Figure 9 is a block diagram of an apparatus employing the present invention; 
Figure 10 shows a network for recognising the English words for the numbers 0 to 9; 
and 

Figure 11 us a flow diagram illustrating another method according to the present 
invention. r r ^ t V v 

In the following description, the International Phonetic Alphabet will be employed 
so that the ambiguities of English orthography can be avoided. International 
Phonetic Alphabet characters are italicised for clarity. The pronunciations are those 
common to educated British English speech. 

Referring to Figure 1, each of the words "cat", "card" and "can't" begin with k. After 
k it can be seen that the network branches because "cat" has the vowel sound ^ 
whereas "card" and "can't" share the vowel sound a:. The network branches again 
after a: to reflect the different terminal consonants of "card" and "can't", i.e. d and n 
+ r. 

Each of the sounds k, cQy cUy dy n and r, are modelled using three-state Hidden Markov 
models of the form shown in Figure 2. The hidden Markov models can also be 
viewed as grids, each node of which representing a different state/ time combination, 
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as shown in Figure 3. Each of the transitions between state/time nodes of the grid are 
allocated a probability during training of the network. This training process is well- 
known in the art. 

Each of the models is implemented as an instance an appropriate model software 
objea. Conveniently, the models for the different sounds are polymorphic 
descendants of the same base class. 

Each of the states is also implemented as an instance of a software object. The 
properties of the states include the parameters of the probability density functions 
used for evaluating the match of an input vectors to the state's vector at different 
times, the identity of states from which transitions can occur, the parameters of the 
probability density functions associated with each of those transitions and for the case 
of a non-transition, and new and old token properties. The meaning of the new and 
old token properties will become clear from the following description. 

Within a model object, the state objects are held in a one-dimensional array. 

When the model is instantiated, the new and old token properties all of the states are 
set to -oo. In practice the most negative number that can be handled by the computer 
is allocated to the new and old token properties of each node of the grid . 

Once the\iodel has been instantiated, a sequence of vectors Vq,..., V5 is sequentially 
applied to ^he model at respectively times to,..., tj. When a vector is applied to the 
model, it is multiplied by the probability density function applicable at the current 
time tn, defined by the state objects, for the currently permitted states and the result is 
stored in the new token properties of the states. Referring to Figure 2, it can be seen 
that states S2 ana S3 are not permined at time to and that state S3 is not permitted at 
time tj. \ 
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Next, for each state whose new token property does not equal -co, the incoming 
token values are determined. That is, for each state to the left of the present state, and 
for the present state for which the model permits a transition to the present state 
(Figure 2), the old token property (if not itself -oo) is multiplied by the transition 
5 probability density function specified in the state model. The largest of these is 

determined and multiplied by the new token property for the subject state, the result 
being stored in the new token property. 

When all the new token values have been determined, the new token properties are 
10 copied into the old token properties. A histogram of the old token properties is then 
constructed and the states in the bins containing the n largest values greater than -oo 
are identified, where n is an integer chosen empirically. It will be appreciated that 
initially at least there will be less than n states with token properties greater than -oo. 
All the states, other than those in the identified bins, have their old token properties 
15 set to -oo. Consequently, at any time, only the best states will affect the state of the 
model in the succeeding iteration; the others having been pruned. Put another way, 
only the best tokens survive to propagate to the next column of the grid. 

If the time is not greater than tj, a further iteration is carried out. A match between 
20 the modelled word and the input speech is determined on the basis of the values of 
the tokens exiting state S3 of the model. 

The extension of the above method to the network of Figure 1 will now be described. 

25 From time t3 the k model begins to output tokens. An and an a: model could be 
instantiated for each token output by the k model. However, this leads to a rapid 
increase in the ntmiber of active models. This is ameliorated to a degree by adding 
instances of models to a list and constmcting the histogram referred to above using 
the old token properties for all the states in the active models. Thus, once the list 

30 contains more than one model instance, the pruning step described above can be 
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foUowed by removing from the list any model instances whose old token properties 
are at that time all -co. 

This problem is further ameliorated by building a further histogram immediately 
5 after the aforementioned pruning step. This second histogram is constructed using 
only the exit tokens, i.e. the old token properties of the Sj states of the active models. 
From this histogram, the tokens in the bins containing the m largest non -oo exit 
tokens are identified and new models instances are only created in respect of the 
identified exit tokens, assuming that is that the necessary model has not already been 
10 instantiated, m is an integer chosen empirically and is less than n. 

By way of illvistration Figure 4 show the instantiation of models in response to exit 
tokens emerging from the k model. 

15 Thus, referring to Figure 5, the exemplary method comprises initialising a network 
(step si), including instantiating one or more initial models and creating a list of 
model instances. Then repeatedly applying an input vector to the network (step s2), 
propagating tokens through the or each model (step s3), pruning the states of the 
models (step s4) and instantiating new models in response to exit tokens (step s5), 

20 until the last vector has been input (step s6). Step s2 comprises, for each model 

instance multiplying the appropriate probability density functions for the permitted 
states by the input vector and storing the result in the new token properties of the 
relevant state instances. 



25 Referring to Figure 6, step s3 comprises, for each state of each model instance, 

copying the old token property to the new token property (step s30), identifying the 
states with links to the current state (including itself and the possibly the S3 state in 
any preceding model) that have old token properties greater than -00 (step s31), 
multiplying the old token properties of the identified states by the link probability 

30 density function (step s32), selecting the largest of the token-link probability products 
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(step s33) and multiplying the new token property by the selected product and 
storing it in the new token property (step s34). 

Referring to Figure 7, step s4 comprises building a histogram of the new token 
5 properties of all of the states in the network where the new token property is greater 
than -oo (step s40), identifying the bins of the histogram containing the best five nodes 
(step s41), setting the new token value of all nodes save those in the bins identified in 
step s41 to -00 (step s42), removing models from the list where the new token 
properties of all states therein are -oo (step s43) and, for all states in the network, 
10 copying the new token property to the old token property (step s44). 

Referring to Figure 8, step s5 comprises building a histogram of the new token 
properties for all S3 states (step s50), identifying the bins of the histogram containing 
the best three state S3 state tokens (s51) and instantiating a succeeding model in 

13 respea of S3 states in the identified bins and adding them to the list if the necessary 
model is not already in the list (step s52). Models will need to be instantiated if they 
have not already been instantiated or if they have been instantiated and then 
destroyed in step s43. It should be noted that the identity of a model includes its 
position in the network. Thus, the two t models in Figure 1 are not equivalent. That 

20 is, the t model following the n model will be instantiated even if an instance of the t 
model following the ^ model exists. 

The application of the method explained above in a useful apparatus will now be 
described. 

25 

Referring to Figure 9, an apparatus for voice controlled routing of calls to extensions 
comprises a private branch exchange (PABX) 1 connected by a subscriber line 2 to a 
switching centre 3 in the public switched telephone network 4. The PABX 1 is 
operable to connect the subscriber line 3 to any one of a plurality of telephones 5a, 
30 5b, 5c via respective extension lines 6a, 6b, 6c. The operation of the PABX 1 is 
controlled by a control unit 7. 
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The comrol unit 7 comprises an analogue-to-digital converter (ADC) 8 for digitising 
analogue speech signals received via the subscriber line 2 and the P ABX 1 , a digital 
signal processor 9 for processing the output of the ADC 8, a speech recogniser 10 for 
recognising speech from signals output by the digital signal processor 9, a dialogue 
controller 11 for controlling the speech recogniser 10 and the PABX 1, and a speech 
synthesiser 12 responsive to signals from the dialogue controller 11 to generate 
analogue speech signals and supply them to the PABX 1 for transmission via the 
subscriber line 2. 

The digital signal processor 9 operates to produce a sequence of feature vectors or 
frames. In the digital signal processor 9, the speech signal samples from the ADC 8 
are first assembled and windowed into overlapping frames. The overlap period is 
usually chosen to be in the range 10 to 20 ms during which speech is assumed to be 
quasi-stationary. A fast Fourier transform (FFT) is used to calculate the power 
spectrum. 

The power spectrum is then organised into frequency bands according to a series of 
Mel scale filters. These filters are spaced linearly to IkHz and then logarithmically up 
to the maximum frequency. The spacing of these bands is based on measurements of 
the sensitivity of the human ear to changes in frequency. In this way, the power 
spectrum can be represented by about 20 Mel scale filter outputs. 

The dynamic range of the power spectrum is quite large and hence the logarithm is 
taken of the Mel filter outputs. This accords with human perception of sound 
intensity which is thought to vary with the logarithm of intensity. 

Finally, a discrete cosine transformation (DCT) is performed on the logs of the Mel 
filter outputs. This is given as: 

C(k> = fm co{fiJt^) * . [O.MJ 
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where C(k) is the kth DCT output and f(i) is the ith of N log filter outputs. Two 
important functions are served by this transform. First, it acts as a data reduction 
stage. The power spectrum envelope varies slowly over the frequency range and so M 
is usually much less than N. Secondly, the DCT outputs are relatively uncorrelated 
so that each output value can be assumed to be independent of every other value. 

Each feature vector contains a subset of coefficients. In addition, the time derivative 
of the coefficients computed over successive, non-overlapping frames is often 
included. Similarly, the differential logarithm of frame energies is also included. 



Thus, the final feature vector consists of: 
C(0) 



V, = 



C{M) 
AC(0) 

Log energy 
A Log energy 

The speecl^recogniser 10 is programmed with models to enable it to recognise spoken 
extension numbers. Figure 6 shows a network of models for English numerals. 



\ 



The operation of the apparatus of Figure 9 will now be described. When a party 
places a call intended for one of the telephones 5a, 5b, 5c, the PABX 1 detects the ring 
signal on the subscriber line 2 and notifies the dialogue controller 1 1 that there is an 
inconung call. The dialogue controller 11 issues an off-hook command to the PABX 
1 which then places the subscriber line in the off-hook state. Immediately thereafter, 
the dialogue controller 11 issued commands to the speech synthesizer 12 causing it to 
generate the message "please state the extension number you require". The message 
signal from the speech synthesizer 12 is then applied to the subscriber line 2 by the 
PABX 1. 
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The ADC 8 repeatedly digitizes the signal arriving at the PABX 1 via the subscriber 
line 2 and outputs a digital signal to the digital signal processor 9. The digital signal 
processor 9 processes the digital signal and outputs vectors as described above. 

After sending the command signals to the speech synthesizer 12, the dialogue 
controller 11 initialises the speech recogniser 10, causing it to instantiate instances of 
an initial set of models {w, t, 9,/ s, e,n,z, Each of these models is added to a list 
of active models. 

Once the message has been transmitted, the dialogue controller 1 1 instructs the 
speech recogniser 10 to monitor the output from the digital signal processor 9. The 
speech recogniser 10 takes no action until the vectors output by the digital signal 
processor 9 indicate that speech is being received. If no speech is received within a 
predetermined period, the dialogue controller 1 1 is notified by the speech recogniser 
10 and the message requesting an extension number is re-sent. 

In the event that vectors suggestive of received speech are received, the speech 
recogniser 10 applies the veaors to the first set of model instances substantially as 
described above with reference to Figures 1 to 8. However, since a plurality of 
models are initially active, the first histogram is constructed in respect of the states of 
all of the model instances in the initial set. As a result, the number of active model 
instances, i.e. those in the list, is rapidly reduced. Similarly, the second histogram is 
built for the current exit tokens for all of the active model instances. 

The effect of pruning is that the initial set of model instances will be removed from 
the list as soon as they are no longer playing a significant role in the recognition 
process. Furthermore, at any instant, succeeding model instances are only 
instantiated if the value of a exit token merits it. 
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The speech recogniser 10 monitors the exit tokens from instances of the right-hand 
model of each path through the network shown in Figure 10 and when there are no 
longer any input speech vectors, it identifies the input spoken word as being that 
represented by the path through the network producing the best exit token values. 
Alternatively, each path through the network may be allocated a threshold value 
appropriate to the path length and the speech recogniser would identify the input 
spoken word with the network path producing an exit token with a largest 
percentage margin over its threshold. 

If all of the models are removed from the list before a sufficiently large token emerges 
from the right-hand side of the network, the spoken word is deemed to be 
unrecognisable. If this occurs, the speech recogniser 10 notifies the dialogue 
controller 11 and the dialogue controller 11 commands the speech synthesiser 12 to 
output a message asking the caller to restate the extension number required. 

If a positive recognition of the input spoken word is made, the speech recogniser 10 
notifies the dialogue controller 11 of the number which it has determined had been 
said by the caller and the dialogue controller 11 sends control signals to the PABX 1 
to cause the PABX 1 to route the incoming call to the appropriate telephone 5a, 5b, 
5c. 



Various modifications may be made to the apparatus as described above. For 
instance, the routing of signals through a switch 3 rather than a PABX 1 may be 
controlled by speech recognition apparatus substantially of the form described above. 
Furthermore, if the extension numbers consist of more than one digit, networks as 
shown in Figure 9 could be cascaded or a calling party could be asked for the 
extension number digit by digit. In the case of the spoken nimiber being recognised, 
the dialogue controller 1 1 could be arranged to catise the speech synthesiser 12 to 
echo the digit to the calling party for confirmation. In order to detect the 
confirmation, the dialogue controller 1 1 would reconfigure the speech recogniser 10 
so that it would implement a network representing the words "yes" and "no". 
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the event that one word to be recognised is an initial portion of another word to 
be. recognised, f©r instance "seven" and "seventeen", the path through the network 4 
may include a number of instances of a model of the noise expected on a quiet 
telephone line. 



An alternative implementation of the network of Figure 1 will now be described with 
reference to Figure 11. 



As described above, each of the models is implemented as an instance of a software 
model object including a one-dimensional array of state objects. 

On initialisation, an instance of the k model is instantiated and added to a list of 
model instances. A loop is then entered, in which firstly the next input vector is 
obtained (step slOO). During the first iteration, the next input vector is of course the 
first input vector Vq. Next, the new token properties of all the 83 states are inspected 
and a new model is instantiated for each S3 state that has a non -00 new token property 
where the necessary model is not already in the list (step slOl). The new models are 
added to the list of model instances. For instance, if the new token property for the 
S3 state of the k model is greater than -00 and the list does not contain ce and a: models, 
new £e and a: models are instantiated. Of course, during the first two iterations no 
tokens will have reached the S3 state and no new models will be instantiated at this 
point. 

A histogram of the old token properties for all states is then created (step sl02). The 
histogram bins containing the five best non -00 old token properties are identified and 
the old token properties in other bins are set to -00 (step sl03). If there are less than 
six non -<30 old token properties, no old token properties will be set to -00. However, 
an absolute threshold may be applied in conjunction with the histogram so that old 
token properties below the threshold will be set to -<3o. 
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Any models in which the old token properties of all of the states are -oo, except newly- 
instantiated models, are then destroyed and removed from the list of active models 
(step sl04). Destroyed models may subsequently be re-instantiated at step slOl if 
necessary. 

The current input vector is applied to the models in the list and the tokens 
propagated (step sl05). This comprises, for each of states to S3 of each active 
model, identifying the states having links to the current state (including itself and 
possibly an S3 state of a preceding model) that have old token properties greater than 
-00, multiplying the old token properties of the identified states by the respective link 
probability density function, selecting the largest of the token-link probability 
products and storing it in the new token property, and storing the result of 
multiplying the new token property by the product of the current input vector and 
the appropriate probability density function for the state in the new token property. 

Once all of the new token properties have been calculated, the new token properties 
are copied to the respective old token properties (step sl06). A histogram of the S3 
state new token properties is then created (step sl07). The histogram bins containing 
the three best S3 state new token properties are identified and the S3 state new token 
properties in other bins are set to -00 (step sl08). If there are less than four S3 state 
new token properties, no new state properties will be set to -go. However, an 
absolute threshold may be applied in conjunction with the histogram so that all S3 
state new token properties that are below the threshold will be set to -co, even if they 
are in the bins containing the best S3 state new token properties. 

Tokens exiting the t and d model instances are analysed to determine whether the 
input vector sequence represented "cat", "card" or "can't** (step sl09). 



In another embodiment of a voice controlled apparatus for routing of calls to 
extensions and for which Figure 9 is also applicable, the speech recogniser 10 
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processes the model shown in Figure 10 in the manner described with reference to 
Figure 11. 

It is to be understood that the criterion for setting token properties to -oo and 
preventing instantiation of models must generally be set empirically and that the 
examples given above are purely to aid the understanding of the invention. The 
skilled person working the present invention should not restria his choice of 
criterion to those described herein but should determine criterion that produce a 
balance between accuracy of speech recognition and computational demands 
appropriate to his circumstances. 

Although the present invention has been described with reference to embodiments in 
which a sub-word units are modelled. It will be appreciated that whole words may be 
modelled by a single hidden Markov model. However, the use of models of sub-word 
elements is particularly advantageous when a large vocabulary is to be recognised 
because it restricts the number of models that must be initially instantiated. 



